Abstract. Aiming at the problem of minimizing the maximum makespan and minimizing the delay time of multi-objective permutation flow shop scheduling problem (MOPFSP), a block-based artificial chromosome non-dominated sorting genetic algorithm II (NSGA-II) is proposed. The algorithm combines the stochastic mechanism and the opposition-based learning mechanism to generate the initial solution to balance the diversity and quality of the initial population. An elite population is generated through the operation of several generations of NSGA-II, and a location matrix and a dependency matrix are established for the elite population by using ant information density. Based on the two matrix mining blocks, the blocks and non-blocks are recombined to form artificial chromosomes.The algorithm will be tested by Reeves instance and Taillard instance, and compared with the results obtained by other algorithms to verify the effectiveness of the algorithm.
Introduction and Literature Review
The permutation flow-shop scheduling problem (PFSP) is a combinatorial problem that has drawn much attention. it is of practical value to study Multi-objective Permutation Flow-shop Scheduling Problem (MOPFSP). Many scholars at home and abroad have studied MOPFSP. Huang Xia et al (2017a) proposed an improved chaos weed optimization algorithm. This algorithm uses gray entropy weighting relevance entropy assignment method and fast non-dominated sorting method to solve the MOPFSP with the goal of minimizing the maximum completion time, the total flow time and the total delay time. Deng et al. (2017d) proposed a competitive memetic algorithm (CMA) to solve MOPFSP. CMA uses two populations with different objectives, designs some operators for each object for each population and designs a special interaction mechanism between two populations. In addition, a competition mechanism is proposed to adjust adaptively the selectivity of operators, and a knowledge-based local search operator is developed to improve the searching ability of CMA. Rifai et al. (2016a) proposed a new multi-objective adaptive large-neighborhood search algorithm based on Pareto frontier to solve MOPFSP for minimizing the completion time, total cost and average delay. Chang et al. (2013b) proposed a block-based artificial chromosome genetic algorithm (p-ACGA) to solve the single goal of minimizing the maximum completion time in the permutation flowshop scheduling problem. The algorithm combines ant colony algorithm and genetic algorithm to produce elite population through crossover and mutation of simple genetic algorithm, and uses the pheromone concentration of ant colony algorithm to analyze the relationship between the workpieces. The statistical information is used to establish the pheromone-dependent matrix and to mine the blocks according to the matrix. The artificial chromosomes are formed by block and non-block recombination.In this paper, the algorithm is improved, and a fast non-dominated genetic algorithm based on block (p-ACNSGA-II) is proposed to solve the multi-objective permutation flowshop scheduling problem. When initializing, the random mechanism and opposition-based learning mechanism are combined to improve the quality of the initial solution. The NSGA-II for solving multi-objective problems is improved. The non-dominated solution set is constructed by fast sorting to improve the running speed. The distribution function is introduced into elite retention strategy to improve the uniformity of solution. Further considering the relationship between the workpiece and the position of the solution sequence, ie.,the distribution of pheromone concentration on the nodes, which speeds up the evolution of the algorithm. Finally, the introduction of chromosome recombination mechanism to improve the quality of solution.
Multi-Objective Permutation Flow Shop Scheduling Problem

Multi-Objective Optimization Problem Description
Taking the objective function minimization as an example, the mathematical model (adopted from Gao et al. 2012a) is described as following:
Where x is the decision vector, including n decision variables ) , , , 
Permutation Flow Shop Scheduling Problem
The PFSP production scheduling problem can be described as: n jobs are processed on m machines in the same order, with the same order of work on each machine. At the same time, there are some important conditions for this problem: 1). the operation is independent and can start at zero time; 2). a maximum of one job can be machined at the same time per machine; 3). each job can be processed on only one machine at a time. 
The completion time of the last job in the sequence on the last machine: 
, where
. OBL optimization process is as follows:
in the n-dimensional search space and its opposition-based solution
Step 2: Evaluate the fitness of two solutions. Find the fitness ) (x f of the initial solution and the fitness ) (x f  of the opposition-based solution.
Step 3:
replaces x with x ; otherwise, continue using x . Get better results by evaluating both solutions simultaneously. In this study, the opposition-based learning method is improved to reduce the loss of good solution. The specific process is first to generate an initial solution of N (N is a given initial population size) by random method and find its opposition-based solution for each initial solution; and then the two solutions are mixed together to form a scale of 2N Population, calculate the fitness of each solution, and the solution according to the size of the fitness in descending order; the last choice of the top N adaptive fitness evolution of the initial population.
Improved Non-Dominance Sorting Genetic Algorithm Ⅱ
The algorithm measures the crowding degree of individuals by calculating the crowding distance so that the boundary non-dominated solution can be effectively preserved. This study improves on the two aspects of non-dominated sorting process and elite retention strategy respectively.
Elite Retention Strategy
NSGA-II classifies the population by non-dominated sorting to form a non-dominated hierarchical surface
, which is ranked in ascending order to select excellent populations as offspring. However, the traditional NSGA-II does not limit the number of individuals in each level, Research, volume 86 which will lead to the majority of non-dominated solutions in the same level, and thus far away from the real Pareto optimal surface. For the reason, this study will refer to the distribution function (As in Equation (8)) (adopted from Gao,2012a). Each layer of Pareto surface by adding the right amount of non-elite solution or reduce the amount of elite solution to ensure the diversity of populations. Step 1: Combine the parent ( t P ) and the offspring ( t Q ), each having a population size of N , to form a population t R and its size is N 2 ;
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Step 2: Non-dominated sorting of population t R to form Pareto grade surface,
Step 3: According to the Equation (8) 
A Block Mining and Artificial Chromosome Generation Approach
Mining Block
In genetic algorithms, most chromosomes of progenies that have been iterated for several generations carry better information, which has similarities and these similarities have certain reliability in large-scale populations (adopted from Chang et al. 2013c ). In p-ACNSGA-II, the ACO pheromone concentration is used to identify better similar sequences in the chromosome and to excise them by means of blocks.
(1). Establish the pheromone matrix In this study, we use the dependent pheromone matrix and the position-pheromone matrix to record the path information of ants. The pheromone matrix records the pheromone concentration at each node. The dependent pheromone matrix records the pheromone concentration of the path between two nodes .
Step 1: Initialize the pheromone matrix: For each turn of the genetic algorithm, the (n-1)th generation is descended according to its fitness, and an optimal chromosome is selected for matrix initialization. Fig. 2 shows the initial dependent pheromone matrix generation process. The initial pheromone between two workpieces is expressed as (9) . Step 2: Update pheromone matrix:
The first 30% of the chromosomes were selected to update the pheromone matrix in the ranked (n-1) generation. Fig.3 shows the updating process of the dependent pheromone matrix. The updating 
Similarly, the updated position pheromone matrix is shown in Fig. 4 .
Fig. 4 Updated Location Pheromone Matrix (2). Building the block
First determine the minimum length of the block, and then randomly select the starting position, and then select the process for the starting position. Within the minimum block length, the process at the start position is selected based on the information in the position pheromone matrix. Processes at other locations use the combined information of the location and the dependent pheromone matrix. The process is screened by the roulette algorithm (RWS). The equation of position probability matrix is as Equation (11), the Equation of dependent probability matrix is as Equation (12) and the Equation of combined probability as Equation (13). In Fig.5 , assuming that P'11> P'21> P'31> ...> P'i1, the workpiece J1 is selected to be placed in the position S1. In Fig.6 , it is assumed that CP2 is the largest and J2 is selected as the position S2. Choosing randomly when two larger values appear.
i represents the part number. j represents the last part number connected to i . m represents the position of the gene on the artificial chromosome. n represents the length of the artificial chromosome. N represents the population size.
' mi P represents the probability of the position of the workpiece i and the position m in the position matrix. ij P represents the probability that the workpiece j is connected to the workpiece i in the dependent matrix. i CP represents the combined probability of the workpiece i . ' W andW respectively represent the weight values of the position matrix and the dependent matrix. As
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the evolutionary algebra increases, the weight of the dependent matrix decreases from 0.7 to 0.3, and the position matrix instead (adopted from Pei et al. 2017k). 
Fig. 5 Starting Position Process Selection
For the process selection of the position outside the minimum length, a minimum combined probability threshold [adopted from Pei et al.2017l ] is set as the screening condition, as shown in Figure 7 . When the block contains more parts, the lower the overall probability, the greater the probability of the combination of errors, the block threshold will ensure the quality of the block. Mined blocks are stored in the block database. CP represents the merge of the l th workpiece of the i th block Probability.
Combination of Chromosomes
This study uses the blocks reserved in the block database to combine the best chromosomes to improve the solution quality and convergence speed of the algorithm. All blocks in the block database are copied to a corresponding position on the blank chromosome of a certain length. The rest of the procedure was selected using the RWS method at the empty position in the chromosome.
Preserving the Dominant Solution
The (n-1)th generation i  and the generated artificial chromosome Ci are put in the selection pool, and the excellent chromosomes are selected as the offspring to enter the next round of evolution using the binary competition method (adopted from Chang et al.2014a ).The specific process is as follows: We randomly select two chromosomes from the selection pool, Compare the degree of fitness, select the chromosome with higher fitness to put into the chromosome library, and put the chromosome with less fitness into the selection pool to continue the screening. The above steps are repeated until the number of chromosomes in the chromosome bank satisfies the set population size.
Experimental Results
The algorithm proposed in this article is written in C++ language. The operating environment of the program is a computer with Intel (R) Core (TM) i5-4005U CPU @ 3.40GHz and memory of 4.0G. To test the performance of the p-ACNSGA-II algorithm, two series of Taillard and Reeve examples were chosen for testing, and the test results were compared with the well-known NSGA-II algorithm. In order to make the test results comparability, the two algorithms have the same parameter values in the same category of parameters, the population size is 100 and the execution algebra is 200. Experiments of Anurag et al. (2014b) showing, NSGA-II can achieve better results when the crossover rate is 0.70 and the mutation rate is 0.10. The same crossover rate and mutation rate are used in this study.
Tab.1 shows results of p-ACNSGA-II and NSGA-II about the Reeve instances and Tab.2 shows results of p-ACNSGA-II and NSGA-II about the Taillard instances. n * m means that there are n jobs and m machines. It can be seen from tables that for both Reeve instances and Taillard instances, NSGA-II is superior to p-ACNSGA-II in makespan for individual instances, but for most of the two goals of makespan and total flow time p-ACNSGA-II has better test results than NSGA-II in both makespan and total flow time. It is verified that the p-ACNSGA-II algorithm performs better than the NSGA II algorithm. 
Conclusion
In order to minimize the maximum makespan and total flow time of the permutation flow shop, a block-based artificial chromosome non-dominated sorting genetic algorithm (p-ACNSGA-Ⅱ) is proposed. p-ACNSGA-II combines genetic algorithm with ant colony algorithm, improving the speed 
